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Quest for discovery of new particles
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Anomaly searches in HEP
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Construct anomaly score A  

SM background samples have small A 

New physics signal samples have 
large A 

Select a threshold: Athr 

Define the signal region as A> Athr



Anomaly searches in HEP
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How?

What about background in 
the signal region?

Construct anomaly score A  

SM background samples have small A 

New physics signal samples have 
large A 

Select a threshold: Athr 

Define the signal region as A> Athr



ABCD matrix method
Established method for data-driven background estimation
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ABCD matrix method
Established method for data-driven background estimation
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Both anomaly scores have to be independent! Relevant past works: 
-> Kasieczka, Nachman, Schwartz, Shih [2007.14400] 
-> Mikuni, Nachman, Shih [2111.06417]
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We build a sequence of invertible parametrisable functions that transform 
a multivariate Gaussian distribution to data distribution.

Normalizing Flows
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Once we have trained the flow, we can reverse its direction to 
transform initial correlated variables into new approximately 
uncorrelated ones.
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Normalizing Flows



Overview of the method
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Decorrelation in practice

16 highly correlated variables



Decorrelation in practice
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16 highly correlated variables 16 highly largely uncorrelated 
variables split into two subsets

decorrelation



Decorrelation in practice
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decorrelation

16 highly correlated variables 16 highly largely uncorrelated 
variables split into two subsets

A
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Anomaly score distribution
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Standard Model 
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new physics 
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Significance improvement (semi-supervised)
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Towards unsupervised
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Summary & Outlook
Model-independent methods allow for broad searches for new physics 

Out-of-distribution anomaly searches are challenging: 

general anomaly score 

estimation of background in the signal region 

Our approach addresses these problems by combining NFs with the ABCD 
matrix method 

Preliminary results are promising 

Next steps are: 

improve a fully unsupervised approach 

test on other signals
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Benchmark model
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signal — RPV SUSY background — ttbar

mg̃ = 1.8 TeV
mχ̃0

1
= 1.7 TeV

ℒ ∋
1
2

λijkLiLjēk + λ′￼ijkLiQjd̄k

λ122 ≃ λ323 ≠ 0

λ′￼323 s/c

/ντ
b
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Preselection & 16 original variables
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S = 432 S/B = 0.5%
S/√B = 1.5B = 80100L=3/ab
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zK = fθ(z0) = fK ∘ . . . ∘ f2 ∘ f1(z0) log pK(x) = log p0(z0) +
K

∑
i=1

log det (
∂fθ,i

∂zi )
ℒ = 𝒟KL (pdata | |pK) = ∫ pdata ⋅ log ( pdata

pK ) dx optimize network parameters to 
minimize KL divergence

Normalizing Flows
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Anomaly score
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𝒜A =
1

NA ∑
zi∈A

z2
i

𝒜B =
1

NB ∑
zi∈B

z2
i

∀i,j (zi ∼ N(0,1)) ∧ (zi ⊥⊥ zj) ⟹ 𝒜A/B ∼ χ2(NA/NB) ∧ (𝒜A ⊥⊥ 𝒜B)

𝒜 =
1
N

N

∑
i=1

z2
i = −

2
N

log N(0,I) − log(2π)

anomaly scores

latent variables



Training strategy

We randomly split the data 50-25-25 (train-
val-test) 

We train a normalising flow on background-
only data 

We randomly split the latent variables into two 
subsets and construct anomaly scores A and B 

We evaluate on background + BSM signal 

We repeat for 5x5 times
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